Dining is an essential tourism component that attracts significant expenditure from tourists. Tourism practitioners need insights into the dining behaviors of tourists to support their strategic planning and decision making. Traditional surveys and questionnaires are time consuming and inefficient in capturing the complex dining behaviors of tourists at a large scale. Thus far, the understanding about the dining preferences and opinions of different tourist groups is limited. This paper aims to fill the void by presenting a method that utilizes online restaurant reviews and text processing techniques in analyzing the dining behaviors of tourists. The effectiveness of the proposed method is demonstrated in a case study on international tourists visiting Australia using a large-scale data set of more than 40,000 restaurant reviews made by tourists on 2,265 restaurants. The proposed method can help researchers gain comprehensive insights into the dining preferences of tourists.
INTRODUCTION
Dining is one of the top five tourist activities on leisure trips (Pizam et al. 2004) , and it plays a central role in travel experience, as all tourists need to eat when they travel. Food products also attract significant expenditure from tourists, accounting for a quarter to a third of their overall spending (Correia et al. 2008) . Recently, interest on food experience in tourism research has been growing (Kim, Eves, and Scarles 2009) , and tourism practitioners are demanding insightful understanding of the dining behaviors and preferences of tourists to improve decision making in areas such as marketing (Min and Lee 2014) and customer relationship management (Lee, Lambert, and Law 2016) .
Early studies on the dining preferences of tourists focus on wine consumption. For instance, Getz and Brown (2006) examined the levels and characteristics of the demand for long-distance wine tourism among consumers living far from wine regions. Stewart, Bramble, and Ziraldo (2008) identified the key challenges in wine and culinary tourism to provide practical recommendations for the tourism development in Canada. Other studies investigate the perceptions of tourists on food in tourist destinations, such as the cases of Hispanics in Belgium (Verbeke and López 2005) , Russian tourists in Finland (Mynttinen et al. 2015) , or international tourists in Ghana (Bruwer, Lesschaeve, and Campbell 2012) , India (Updhyay 2014) , and Korea (Joo et al. 2015) . Previous works study tourists' dining preferences by identifying their restaurant selection criteria, such as selection among restaurants in South Florida (Choi and Zhao 2010) , floating restaurants in Egypt (Abdelhamied 2011) , and quick-service restaurants in the metropolitan area of southwestern United States (Harrington, Ottenbacher, and Way 2016) .
Despite such efforts, research on the food consumption behaviors and preferences of tourists remains in its infancy (Chang and Mak 2010) . The nationality and culture of tourists are key factors influencing the selection and level of food consumed by tourists (Kivela and Crotts 2006; Torres 2002) . Nevertheless, the scope of existing studies is limited, focusing only on few food types and specific groups of tourists; as a result, they fail to provide a comprehensive understanding of the preference differences among various nationalities and cultures. Tourism practitioners are interested not only in the food type preferences of tourists but also in the actual dishes they consumed for each type and for each meal of the day to develop focused marketing strategies. Unfortunately, prior studies do not provide such insightful and valuable knowledge. This limitation may be due to the adoption of traditional surveys and questionnaires in most existing studies and these traditional approaches are ineffective in extensively capturing the interests and dining behaviors of tourists.
Recent advances in Internet technology have allowed tourists to share their travel-related experiences on many online platforms, such as TripAdvisor, Airbnb, and Yelp. Tourism scholars have been shifting their attention to these online resources as a channel for capturing tourist preferences in an affordable, efficient, and nonintrusive manner . Studies have utilized travel reviews in studying hotel selection and preferences (Chaves, Gomes, and Pedron 2012; Crotts, Peyton, and Davis 2009; Li et al. 2013; Li et al. 2015) . Aside from hotel reviews, a sizeable proportion of reviews on the aforementioned platforms are food related, such as restaurant reviews. The reviews cover numerous restaurants in different tourist destinations worldwide. These reviews capture and provide rich information about the dining experiences of tourists, including the cuisines and dishes they prefer as well as their background. Restaurant reviews are valuable data resources for exploring the dining behaviors and preferences of tourists comprehensively and effectively. One issue with restaurant reviews is that they are in the form of natural text, which is unstructured and indirectly usable. Few works in the tourism literature report methods that can effectively process and analyze restaurant reviews for comprehensive insights into tourists' dining preferences. Researchers In this paper, we address the shortcomings in previous dining behavior analysis by employing large-scale restaurant reviews available on online platforms. Our objectives are
• to present a general framework that can process and analyze restaurant reviews for providing comprehensive insights into the dining preferences and subjective opinions of tourists and
• to demonstrate the effectiveness of the proposed method through a case study of a tourism destination, such as Australia.
In this paper, dining preference is used to refer to what tourists like in relation to dining activities, such as cuisines, dishes, meals, and restaurant features. Subjective opinions refer to the sentiments (positive, negative) that tourists expressed in the review comments about their experience at the visited restaurants. We selected Australia for our case study because Australia is a popular destination for food tourism (Kivela and Crotts 2006) . Australian cuisine is a global cuisine, a by-product of the arrival of migrants from various countries (Tourism Australia 2010) . Nearly 30% of the Australian populations were born overseas (Australia Bureau of Statistics 2016) . When migrants left their homelands, they brought with them their foods, flavors, and cooking styles. As a result, tourists visiting Australia are provided great gastronomic opportunity (Chang and Mak 2010) . Although Australia is a large country, majority of its population are located in several capital cities. Among these cities, Melbourne and Sydney are the two most populated cities whose local residents are mostly migrants from different countries (Australia Bureau of Statistics 2015) . We selected Melbourne and Sydney as the hubs of our data collection. The analysis of the case study results, which are based on more than 40,000 reviews posted by international tourists for 2,265 restaurants in the two cities, can provide insights into the general behaviors and preferences of tourists. The proposed method can help researchers and tourism practitioners gain comprehensive insights into the dining preferences of tourists by utilizing online restaurant reviews as alternative data sources to traditional surveys and questionnaires approaches.
The rest of the paper is organized as follows. The second section provides a review of the relevant literature on the dining preferences of tourists and an overview of dining behavior studies in the context of Australian tourism. Limitations of the existing studies are also highlighted. The third section introduces the method used for extracting 4 and processing restaurant reviews for dining preference analysis. The fourth section presents the results of a case study on international tourists visiting Australia and an analysis thereof, followed by a discussion of the practical implications of the research outcomes. The final section concludes the paper and presents future research directions.
LITERATURE REVIEW

Dining Preference Studies
The majority of tourism literature on dining preference focuses on investigating the cultural differences in relation to food preferences. An early attempt by Pizam and Sussmann (1995) focuses on American, Japanese, French, and Italian tourists to determine if nationality affects tourist dining behavior. Cohen and Avieli (2004) studied the willingness of tourists to try foods from other cultures and found that Asian tourists were less likely to try than Western tourists. Verbeke and López (2005) studied the attitudes and behaviors of Belgians toward Latin-American ethnic foods and those of Hispanics residing in Belgium toward Belgian food. Tse and Crotts (2005) confirmed that national culture is one of the four factors associated with the culinary choices of tourists in a case study in Hong Kong. Recent studies have extended their scope to examine the dining preferences of tourists from many countries and different continents (Eric, Ramos, and Amuquandoh 2014; Updhyay 2014) . These studies have mainly employed survey and questionnaire approaches. Their scales are thus limited to a small number of food items and tourist groups. Food availability in the destination also significantly influences the food choices and preferences of tourists (Eric et al. 2014) . For instance, tourists from Asia may prefer Asian cuisine. However, when they travel to a European destination with a small number of Asian restaurants, they have limited options and thus may decide to eat what the local restaurants offer. The analysis of the dining behaviors of tourists in destinations with limited food choices may not reflect the true preferences of tourists.
Restaurant features apart from food are also studied to determine their influences on customer satisfaction, which can help restaurant managers to develop specific strategies that cater to the needs and expectations of different customer groups according to restaurant type. For instance, Choi and Zhao (2010) examined various influencing factors on restaurant selection, such as service, cleanliness, ambiance, health issues, and price. Abdelhamied (2011) studied the relations between parking spaces, healthy dishes, local dishes, and restroom cleanliness to customer revisit intentions. Liu et al. (2014) developed an effective restaurant rating scale based on four restaurant features, namely, service, ambience, meals, and value for price . Kim Bergman, and Raab (2016) examined the factors that affect mature tourists' choices when dining out in different restaurant sectors or types, particularly fine dining, buffet, and family/casual dining restaurants. Rhee, Yang, and Kim (2016) found that food, value, atmosphere, and service were considered substantially important criteria in selecting restaurants. However, these studies are also carried out for a small number of tourist groups probably due to the limitation of the existing data collection and analysis approach.
Dining in Australian Tourism
The world-class nature and lifestyle of Australia are key attributes that motivate people to visit the country. In recent years, an increasing number of people have realized that food and wine also play an important role in their tourism experience while they are in Australia (Tourism Australia 2010) . The restaurant, café, and catering sector is the largest contributor to the tourism industry in Australia, which generated AUD$24.3 billion (equivalent to approximately USD$19 billion) in turnover as reported by Restaurant and Catering Australia (2016) . Employment growth in this sector is projected at 16.9% and expected to reach 647,900 people by 2019 (Restaurant and Catering Australia 2016) . Cuisine-related tourism has become an essential component of Australia's marketing strategies for the international market (Hall and Mitchell 2002) . "Great food, wine, and local cuisine" is currently a major factor in the holiday decision making of tourists visiting Australia, ranking third (at 38%) ahead of "beauty and natural environments" (at 37%) (Tourism Australia 2016). The industry enjoys strong support to maintain funding for Tourism Australia and initiatives that promote Australian food and wine experiences to international tourists (Restaurant and Catering Australia 2016) .
Despite the potential of Australian dining tourism, studies on tourist dining behavior have been limited in recent years. Laesser and Crouch (2006) performed market segmentation to profile tourists according to expenditure patterns and found that tourists are likely to spend more in Australia if their motivation is to enjoy food and beverage than other reasons. Chang and Mak (2010) proposed a typology that describes and categorizes the dining attitudes, motivations, and behaviors of Chinese tourists. Subsequently, they identified attributes that influence the assessment of travel dining experience in Australia among Chinese, Taiwanese, and Hong Kong tourist groups (Chang and Mak 2011) . These attributes include the food culture of the tourists, the contextual factor of the dining experience, the variety and diversity of food, the perception of the destination and service encounter, and the performance of the tour guide. The role of local food and beverage has been investigated to support the regional tourism development in Australia (Alonso and Northcote 2010; Anderson and Law 2012) . Getz and Robinson (2014) examined the tendency of Australian food lovers, instead of international tourists, to travel both domestically and internationally for foodrelated experiences. Robinson and Getz (2014) also provided the demographic and socioeconomic profiles of the sample and their behavioral and travel preferences. Most studies conducted in Australia are at a small scale, using survey and questionnaire approaches for data collection. An overall picture about the dining preferences of international tourists in Australia has yet to be obtained.
Restaurant Review Analysis
A major factor limiting research on dining preferences is the reliance on traditional data collection approaches, such as survey and questionnaire. These approaches are costly, time consuming, and limited in terms of the number of responses (Li et al. 2013 . Studies based on these approaches fail to provide comprehensive insights into the dining behaviors and preferences of tourists. The availability of online travel reviews, particularly restaurant reviews, presents opportunities for capturing the dining behaviors of tourists. To the best of our knowledge, only a few studies in the tourism literature attempt to use restaurant reviews at large scales. For instance, Zhang Zhang, and Law (2014) investigated the relationship between the attribute performance of a restaurant and the positive and negative word of mouth of customers. Gan et al. (2016) used review data on Yelp to examine the structure of reviews and the influence of review attributes and sentiments on restaurant ratings. Zhang et al. (2017) used restaurant review in a case study to establish a decision support model to assist tourists in selecting restaurants. These studies only make use of user rating of restaurant attributes and other social information. The actual review comments with rich information about tourists' behavior and preference are not utilized. No study attempts to establish a dining preference profile of international tourists that can accommodate the aforementioned questions. This research gap is probably due to the challenge in processing reviews, which are unstructured and unsuitable for traditional statistical methods. This paper introduces a general framework for large-scale restaurant review analysis, specifically for studying tourist dining preferences and sentiments.
METHODOLOGY
This section presents our method of exploring tourists' dining preference based on restaurant reviews. We adopt core steps in knowledge discovery in database (KDD) (Tan, Steinbach, and Kumar 2006) as the foundation of our approach. KDD is the overall process of converting raw data into useful information, which usually comprises selection, preprocessing, transformation, data mining, and interpretation. In our case, data are collected from online review platforms rather than from traditional databases, and our first step is data crawling. For simplicity, we merge preprocessing and transformation in a single step, that is, data preprocessing. In this step, unstructured review content and metadata are transformed into suitable formats for analysis. The final step is exploratory data analysis, which includes both data mining and interpretation. A series of analyses are carried out to provide comprehensive insights into tourists' dining preferences. 
Data Crawling
The first step in our framework is to crawl the data from restaurant review websites. Web crawler software is developed to navigate through the review websites and extract their content automatically. A typical restaurant review website contains restaurant name, restaurant cuisine, review text, user ID, user location, and date visited.
In this paper, we use TripAdvisor (www.tripadvisor.com) as a demonstration. TripAdvisor is a popular travel review site, which features a comprehensive database of restaurants with millions of reviews by tourists from all over the world. TripAdvisor is also used as the data resource in existing hospitality and tourism studies in different areas (Chaves et al. 2012; Crotts et al. 2009; Li et al. 2013 Li et al. , 2015 .
Among the available data on TripAdvisor, restaurant cuisine is provided by the restaurant manager, which indicates the types of food served in the restaurant. One restaurant may serve food of more than one cuisine, for instance, Chinese and Japanese food. User location helps in identifying tourists' location of origin and reflects his/her cultural background, which is one of the key factors influencing dining preference (Kivela and Crotts 2006) . Review text is the actual comment provided by reviewers after visiting restaurants. It contains rich information about a tourist's behavior, such as his/her consumed dishes or the relevant features of a restaurant. Data from user location and review text play an essential role in the analysis, but they are usually available in unstructured format and cannot be directly analyzed. We address this challenge with data preprocessing.
Data Preprocessing
User Location
The issue on user location is that users usually enter the information according to their own preferences. For example, some users may enter the country name in different forms, such as USA, US, United States, or America; other users may provide only the names of state (e.g., Washington or WA) and city (e.g., Seattle, Olympia, or Tacoma). Manually converting the location information of every available review into a unique form for each country is time consuming. We propose to adopt geography application programming interfaces (API) to automatically identify and return the full geographical information of a location. For instance, given a location name in the textual form such as Washington, a geography API can identify the full information with country name as the United States.
Various geography APIs are available for both public use and commercial purpose. In this paper, we utilize Google Maps Geocoding API, a common and free map tool with sufficient quota. The full documentation of Geocoding API is available at http://developers.google.com/maps. The automatic mapping from user-provided locations to unified country information allows for the convenient identification of each tourist's country of origin.
Review Text
We adopt a number of text mining techniques to process textual review data. Suppose a data set R with m review comments, = { 1 , 2 , . . . , }. Text processing is conducted as follows. Each review, , is first loaded into a text tokenization algorithm, in which the stream of text is broken into words, phrases, symbols, or other meaningful elements called "tokens." A filter is applied to the tokens to normalize all letters to lower case and remove symbols and numbers. The remaining tokens are inputted into the stemming module to reduce inflected words to their stem, base, or root form. For instance, a stemming algorithm can reduce the words "pizzas" to "pizza" or "eating" and "eaten" to "eat." The stemmed words then go through part of speech tagging (POST), where each word is tagged with its corresponding type, such as noun, verb, or adjective. In our framework, we adopt the English lexicon available in GATE (http://gate.ac.uk/) for POST. GATE is a widely-used package for text processing with a large vocabulary database. We assume that the English vocabulary of noun type is used to refer to entities of interests, such as dishes or restaurant features. We keep words of noun type in a stemmed noun list = { 1 , 2 , . . . , } for further processing and discard others. The popularity of each noun, , is then measured using a support value, ( ) = | |/ , where is the number of reviews containing noun , and m is the total number of reviews in the data collection. Nouns with ( ) greater than a userdefined threshold ( ( ) ≥ ) are considered frequent and retained for further analysis; otherwise, they are discarded.
The advantage of this text-processing technique is that frequent nouns mentioned by tourists can be automatically collected. The researcher can inspect this list and select the nouns describing dishes or restaurant features for further analysis. This technique facilitates the exploration of all possible dining-related aspects that tourists are interested in or concerned about.
Sentiment Estimation
Analyzing tourist sentiment expressed in review comments is important for restaurant managers to gain insightful understanding about the experience and subjective opinions of tourists toward the foods and restaurant services. Restaurant review platforms, such as TripAdvisor, usually provide a rating function, which reflects the overall sentiment of reviewers. However, detailed sentiment information about various aspects of restaurants is unavailable. Tourists often comment on various aspects about their dining experience in their reviews. Relying on the overall rating of a comment or predefined features is inadequate for an insightful understanding about tourist experiences. Therefore, we propose to analyze the sentiment of tourists from review comments at sentence level for detailed insights.
We first break each review comment into sentences using sentence splitters. Review comments are broken into sentences based on a list of abbreviations or hand-coded rules to identify the end of a sentence. Examples of sentence-end indicators are full stop (.), exclamation mark (!), and question mark (?). A period followed by an upper-case letter usually ends a sentence; except for special cases, such as a period as part of an abbreviated title (e.g., Mr., Mrs., and Ms.).
We subsequently estimate the sentiment reflected in the sentences. Sentiment analysis requires a model to be trained on large corpus of textual data with true sentiment labels (Pang and Lee 2008 ). The trained model is then applied to new textual data for estimating the sentiment contained. However, obtaining training data and training a model are time consuming. Owing to the growing demand for sentiment analysis, various open source and commercial APIs with pre-trained sentiment analysis models are available for public use, such as Stanford Sentiment Analysis (https://nlp.stanford.edu/sentiment), Rosette Text Analytics (https://www.rosette.com), and SentiStrength (http://sentistrength.wlv.ac.uk/).
We utilize the SentiStrength sentiment estimation tool in our case study, as it exhibits near-human accuracy for short text in English (Thelwall 2017) , and performs better than other sentiment analysis tools on different domains (Abbasi, Hassan and Dhar 2014) . A sentence has three possible sentiment labels (positive, negative, and neutral). Table 1 lists examples of restaurant review sentences and their sentiment labels. 1 and 2 express positive sentiment of reviewers toward restaurant features, such as atmosphere, service, and food items. 3 and 4 express negative sentiment toward restaurant food. 5 and 6 are labeled as neutral because they mainly include facts rather than express any subjective opinion. 
Exploratory Data Analysis
With the preprocessed data set, we first use a descriptive statistic to describe the data according to the country of origin as indicated in user location and rank the tourist groups according to their proportions. Only the groups with a significant number of reviews are selected. We then conduct a series of analysis on tourists' dining preference, which includes the following:
Cuisine Preference: We explore the cuisine preferences of tourists from different countries by a joint proportion analysis on user location and restaurant cuisine. The popularity of a restaurant cuisine in a tourist group is computed and then compared with those of other tourist groups to determine cuisine preference.
Dish Preference:
We explore the dishes most frequently consumed by tourists for each examined cuisine on the basis of processed review text and user location.
We compute the support values of the nouns in the stemmed noun list and then select the nouns describing the dishes with high support values. This process can be done simultaneously for each cuisine to identify the top representative dishes.
Meal Preference:
We examine the dining behaviors of different tourist groups, based on the meals of the day, including breakfast, lunch, and dinner. The analysis aims to answer the following questions: Which tourist groups usually go to restaurants for breakfast, lunch, and/or dinner? Which types of cuisine do tourist groups prefer at different meals? What dishes do tourist groups usually consume? The only issue with the temporal information is that the date visited is unhelpful in identifying the exact time. Thus, we naturally assume that if a review contains the keywords breakfast, lunch, or dinner, the tourist is likely to have visited the restaurant at a time corresponding to the meal. Reviews containing such keywords can be grouped based on the different meals for analysis.
Restaurant Feature Preference:
We focus on restaurant features (other than food) that concern tourists. Restaurant features can be identified by the noun terms describing specific features (e.g., staff, service, value). The support of such noun terms is computed for different tourist groups and then compared to determine restaurant feature preference.
Sentiment Analysis:
We examine the food items and restaurant features with respect to the sentiment labels of the sentences. A food item or restaurant feature receives a positive sentiment if its keyword is mentioned in a sentence with positive sentiment, and vice versa. The analysis can be carried out for different tourist groups and specific restaurants or cuisines.
In the abovementioned contrast analyses, statistical tests for proportions, such as a z-test or a Chi-square test, can be used to verify significant differences among tourist groups (Kanji 2006) . In the fourth section, we demonstrate the application of the proposed method through a case study on the dining preferences of tourists in Australia.
CASE STUDY
Data Collection
The data were collected from TripAdvisor with the data extraction and web crawler software described in the methodology section. We focused our data collection on restaurants located in Melbourne and Sydney, the two most populated cities in Australia with a wide range of cuisine and dining options (Australia Bureau of Statistics 2015) . The software navigated through the listed restaurants in Melbourne and Sydney to extract the reviews and associated information about the reviewers and restaurants. Among the available information, restaurant cuisine and user location are essential in establishing the dining preference profiles of tourists. However, not all listed restaurants have cuisine labels, and several reviewers did not provide their location information. Restaurants and reviews with missing essential information were excluded.
The data extraction software was utilized in April 2016, and navigating through the web sites and collecting approximately 170,000 review comments took two days. User location was then converted into a uniform format for country based on Google Maps Geocoding API. A large proportion of the collected reviews were made by local residents of Australia, with Australia indicated as the country of resident. TripAdvisor is an open platform, in which any registered user can post review comments, and local residents are more than international tourists in the collected data due to the unlimited time constraint for restaurant visits. We removed reviews posted by local residents, given that international tourists are the focus of our analysis. We were left with 40,948 reviews posted by international tourists for 2,265 restaurants (Table 2) . Sydney shows slightly more restaurants, more reviews, and more reviews per restaurant than Melbourne. A number of tourists might have visited some restaurants more than once but posted only one review. One review is sufficient to indicate the tourist's preference for the restaurant. Therefore, cuisine popularity can be measured based on the number of reviews in the subsequent analysis. Figure 2 . Distribution of Restaurant Reviews by Year Figure 2 shows the distribution of restaurant reviews by year based on date visited. However, the review data for the entire 2016 were unavailable at the time of data collection. Most of the restaurant reviews were posted since 2010, and the number of reviews has been increasing in recent years. The fast growing number of restaurant reviews is probably due to the availability of review websites and the change in tourist behavior in information search and sharing about travel (Rong et al 2012) . Given that the data set is relatively new, we consider the entire data set in this case study.
Data Description
In this section, we provide an overview of the collected data set to serve as reference for the subsequent analysis. The locations of reviewers in the collected data set were first examined, and out of 195 countries worldwide, 167 countries were identified as user location. Table 3 shows the top 14 countries whose proportions are greater than 1%, accounting for more than 86% of the total reviews in the collected data set. The countries are listed in descending order of their proportions. Each country is denoted by the three-letter country code published by the International Organization for Standardization (ISO) in ISO 3166 (www.iso.org/iso/country_codes) for convenience of presentation. The United Kingdom and the United States rank the highest, with proportions of at least 23%. Interestingly, New Zealand, despite being the closest to Australia, only assumes the third position in terms of dining activity. Subsequently, we examined the data distribution by restaurant cuisines, and cuisine labels were grouped into different categories, such as country and restaurant type (Table 4 ). Among 13 cuisines by country, Italian is the most popular, with a proportion of 19.38%, which is nearly twice the proportion of the second most popular cuisine, i.e., Chinese. German, British, and Irish are the least popular cuisines in the collected data set, each of which shows proportions less than 1%. Given that restaurants can serve multiple cuisines, they can possibly have multiple labels, such as Chinese and Japanese. If a review belongs to a Chinese and Japanese restaurant, then we consider such a review for both Chinese and Japanese cuisines because the tourists may order dishes from both cuisines. Pub and café are two special restaurant types. Different from an ordinary restaurant, a pub is an establishment licensed to serve alcoholic drinks. Aside from food and drink, it provides services such as entertainment venue and basic accommodation. A café is a type of restaurant that usually serves coffee and snacks.
We notice that some restaurants label their cuisine by food types (e.g., seafood, steakhouse, barbecue, and vegetarian) or actual dishes (e.g., pizza and sushi). However, these food types are usually labeled together with cuisine by country. For instance, pizza and Italian are usually labeled together for the same restaurant, given that pizza is a part of the Italian cuisine. In this case, conducting a separate cuisine analysis for countries and food types is unnecessary. Similarly, restaurants label their cuisine based on regions, such as Asian, Mediterranean, or European, which are redundant with country labels. Thus, the analysis focuses on cuisines based on country labels to obtain in-depth insights.
For the overview of tourist and cuisine backgrounds, a proportion of 1% or higher (approximately 410 reviews) is considered sufficient, given that the collected data comprise a large-scale data set. We selected 14 countries listed in Table 3 as the target tourist groups. The top 11 cuisines by country in Table 4 , with proportions greater than 1%, are considered in a subsequent analysis. 
Results and Analysis
Cuisine Preference
In this section, cuisine preference is analyzed with respect to the nationality of tourist groups. We compute the proportion of reviews posted by each tourist group according to restaurant cuisine. For instance, among the 10,698 reviews posted by tourists from the United Kingdom, 2,170 reviews are for Italian restaurants, accounting for 20.28%. The proportion reflects the likelihood of the tourist group under consideration to select a particular cuisine, implicitly reflecting the group's preference. A high proportion represents high preference. Figure 3 shows cuisine popularity by the nationality of tourists. The popularity of a cuisine is consistent with the number of available restaurants for that cuisine (Table  3) . Italian, Chinese, and Japanese are the three most popular cuisines, as shown by the high proportion values based on nationality. However, considerable differences in the preferences exist among different tourist groups for certain cuisines. For instance, tourists from Italy (ITA) and India (IND) have the strongest preferences for their own cuisines, as evidenced by the significantly higher proportions for Italian and Indian cuisines, respectively, among other tourist groups. Specifically for Indian cuisine, Indian tourists represent the highest proportion, i.e., more than 35%, among other countries whose proportions are each less than 5%. Tourists from France (FRA) possess a relatively stronger preference for French cuisine than other tourist groups. In addition, certain tourist groups show strong preference for cuisines from other countries. For example, Chinese cuisine is most preferred by tourists from Malaysia (MYS), and Japanese and Thai cuisines are most preferred by tourists from Indonesia (IDN). Cuisine popularity, as shown in Figure 3 , reflects the cuisine preferences of tourists, because tourists frequently visit restaurants with a particular cuisine. Tourists might harbor negative feeling after visiting restaurants due to the low quality of food or service. Tourists might not like a particular restaurant after visiting, but such a dislike does not necessary extend to the cuisine. We examine tourists' subjective opinions through sentiment analysis in a later section. Figure 3 shows interesting differences in the cuisine preferences of different tourist groups. The significance of the differences in proportions, however, needs verification through statistical tests. For each cuisine (Italian, Chinese, Japanese, Thai, French, or Indian) , tourists from the country with the highest proportion are treated as a group, whereas tourists from other countries are assigned to another group. The proportions of the reviews are computed for both groups, and then z-test with a significance level of ≤ 0.05 is applied. The results in Table 5 confirm the statistical significance of the differences in the proportions. For example, for the Italian cuisine, tourists from Italy are treated as a group with a proportion of 31.27%; tourists from other countries are treated as another group with a proportion of 19.21%. The difference between the proportions of the two groups is 12.07%, which is significant at a p-value of less than 0.05 and z-score of 8.319. Among the examined cuisines, tourists from India have the strongest preference for Indian cuisine, exactly 13.42 times higher than the cumulative preference of tourists from other countries. For demonstration purpose, the analysis on Figure 3 is performed only for the cuisines and nationalities with outstanding difference between the largest proportion and the rest. Detailed analyses and statistical tests can be similarly conducted between any two nationalities depending on practical requirements. In addition to cuisine preference, we examined the preferences of tourists between two typical restaurant types, i.e., pub and café. We highlighted the influence of cultural factors, besides nationality, on the preference for these restaurant types. The top 14 countries, with at least a data percentage of 1% as shown in Table 3 , are analyzed. The countries are mainly in North America, Europe, and Asia. Tourists from North America and Europe tend to have similar backgrounds that differ from those of tourists from Asia . Accordingly, we treat the tourists from Europe and North America as the Western group and the tourists from Asia as the Asian group. We noted that New Zealand is in Oceania, but the dominant ethnic group of New Zealand population is European (Statistics New Zealand 2014). Therefore, tourists from New Zealand were treated as in the Western group. Chinese users, one of the major inbound tourist groups, are limited in the collected data, which is probably because TripAdvisor is not widely used by Chinese, as other social network platforms (e.g., Dianping.com) are more popular for Chinese users. Figure 4 illustrates the proportions of reviews for the tourist groups, and the dark and light bars represent the Western and Asian groups, respectively. Most countries in the Western group, except for Switzerland (CHE), have higher proportions for pub than Asian countries (Figure 4a ). This result may probably because pubs originate from the United Kingdom, and many countries in Europe and North America are under the influence of British culture (Johnson, 2016) . Western tourists are more likely to visit pubs than Asian tourists do. The z-test with a significance level of ≤ 0.05 verify the statistically significant difference between these two groups in terms of the preference for pub, with z-score = 10.9553 and p < 0.001. By contrast, no noticeable difference exists in the preferences for café between the Western and Asian groups (Figure 3b) , although the Indian group is least likely to visit cafés. The number of reviews posted by tourists from the United Kingdom and United States is larger than those posted by tourists from other countries in the Western group. The preference for visiting pubs of Western group in the above comparison can be biased toward these two countries. Detailed comparison can be similarly conducted between any two nationalities depending on practical requirements. 
Dish Preference
This section identifies the popular dishes, including food and drink, consumed by international tourists when visiting Australia. The review data for each cuisine and restaurant type are inputted into the text-processing algorithm presented in the methodology section. The support values are computed for the nouns appearing in the data sets. A support threshold of = 0.05 is used to filter out infrequent nouns, and the frequent ones are retained for further analysis. Support values are commonly used for evaluating items of interest in a data set (Law et al. 2011) . Furthermore, the number of returned items is small, which is manageable for manual inspection . Thirty-three nouns are selected and referred to as food items for convenient presentation. Some food items are common across different restaurant types, whereas others are unique to specific restaurants. In Figure 5 , these food items are listed in descending order of their counts based on the number of restaurant types offering them. Owing to space limitation, we only show the first five letters of the cuisine names in the column headings. Cells containing support values of 0.1 or higher are highlighted in gray background and bold text. We represent the cuisines according to their cultural origins, that is, Western and Asian cuisines. Wine, chicken, and pork are widely consumed by tourists on the basis of the restaurant types offering them. Wine is consumed in 11 out of 13 restaurant types, especially for restaurant serving Western cuisines, such as Italian, Spanish, French, and Greek, for which the support values are higher than 0.1. This result is consistent with the fact that Australia is famous for its wine production, and wine tourism shows growing popularity in Australian tourism (Tourism Australia 2010). Tourists are interested in tasting wine as a part of their dining experience. Desert, coffee, burger, steak, and chip are popular in Western cuisines, whereas, rice, beef, fish, and curry are popular in Asian cuisines. Although beef and steak refer to the same kind of meat, their support values are different between Western and Asian cuisines, probably because the difference in cooking styles and cultures create distinct dishes.
Aside from common dishes, unique popular food items are offered in different cuisines, such as pizza and pasta for Italian cuisine, sushi for Japanese cuisine, roll for Vietnamese cuisine, and taco for Mexican cuisine. The most popular item in pub is beer, and it shows a support value of 0.285, which is nearly four times higher than wine. Most cuisines have multiple popular food items consumed by tourists. For example, Vietnamese and American cuisines each have nine items. In particular, Spanish cuisine has only one but a highly popular item, wine, which has a support value of almost 0.2. Café is popular for light food items, such as dessert, cake, chocolate, and most importantly coffee.
Meal Preference
This section reveals the dining behaviors of tourists based on different meals of the day. We first examined the popularity of the reviews according to keywords breakfast, lunch, and dinner. The support values of each meal were calculated for each tourist group (Figure 6) . Generally, the support values of lunch (Figure 6b ) and dinner (Figure 6c ) are higher than breakfast (Figure 6a ) across all tourist groups. This result reflects the intuition that lunch and dinner are bigger meals; thus, they are more likely to be taken in restaurants. Tourists from the United States (USA), New Zealand (NZL), and Ireland (IRL) are more likely to have breakfast in restaurants than other groups, reflecting the preference differences. To determine where tourists go for each meal, we also computed the support values for each meal with respect to restaurant type (Figure 7) . Café is the most popular place for breakfast, showing a significantly higher support value than all other restaurant types (Figure 7a ). This result is expected, as people tend to have light food for breakfast, and a café is a good place to find such food. Most restaurants have similar support values for lunch (Figure 7b ) and dinner (Figure 7c ). Among them, Indian restaurants have the lowest support value for lunch, whereas café is the least popular for dinner.
Figure 7. Cuisine Preference for Meals
We further investigated the differences in the consumed food items among the three different meals for in-depth insights. Café is the most popular place for breakfast; this result may explain why dessert, coffee, burger, cake, egg, chocolate, and toast are usually consumed by tourists in cafés ( Figure 5 ). Therefore, we only compared the popularity levels of food items in lunch and dinner. The food items with the most significant difference are shown in Table 6 . The value in the Difference column is the gap between the support value of dinner and the support value of lunch for each food item. The ratio is computed by taking the higher value divided by the lower value. Tourists consumed more wine, steak, and lamb for dinner than for lunch, as indicated by the higher support values of the former. By contrast, tourists are more likely to have salad, coffee, burger, chip, fish, and beer for lunch than for dinner. The z-test with p ≤ 0.05 was performed to verify the statistical significance of the differences. 
Restaurant Feature Preference
Restaurant features play important roles in the selection of tourists. This section examines the preferences for restaurant features across the different nationalities and cultures of tourists. By inspecting the nouns in the previous sections, service, staff, price, value, and atmosphere were used frequently as restaurant features. Restaurant features have approximate meanings, such as service and staff as well as price and value. Accordingly, we grouped reviews containing the aforementioned keywords into service and price features; as a result, three restaurant features were considered for further analysis. Figure 8 shows the support values of the restaurant features, and countries belonging to the Western and Asian groups are represented by dark and light bars, respectively.
Among the three restaurant features, service is the most important to international tourists, with support values higher than 0.3 for all countries (Figure 8a ). By contrast, support values are less than 0.2 for price (Figure 8b ) and 0.12 for atmosphere (Figure 8c) . Support values for countries in the Western group are generally higher than for those in the Asian group. A statistical test was conducted to verify the significance of the differences. The reviews were grouped based on the cultural groups (i.e., Western and Asian); then, the proportions containing the keywords reflecting restaurant features were computed. Table 7 shows the z-test results of the proportions (significant at ≤ 0.05). The Western group has significantly higher preferences for all examined restaurant features than the Asian group, with a sizable difference (10.17%) for the service feature. As the majority of reviews in the Western group are posted by tourists from the United Kingdom and United States, the differences in the proportional analysis can be biased toward these two countries. In addition, which restaurant types receive the most comments regarding their features is worth investigating. We counted the number of reviews containing at least one of the feature keywords and then computed their support values over the entire data collection. The tourists are concerned about the restaurant features most when visiting Italian and pub restaurants (Table 9 ). Restaurants serving Western cuisine receive more reviews on the considered features, whereas Chinese, Thai, and Vietnamese restaurants receive considerably few reviews on restaurant features. 
Sentiment Analysis
This section presents a sentiment analysis to examine tourists' subjective opinions after visiting restaurants. For demonstration, we examined review comments by Italian and Indian tourists toward food items at Italian and Indian restaurants, respectively. The review comments were broken into sentences and then sentiments were estimated using the trained model provided by the SentiStrength API. Keywords describing food items were identified from the sentences with sentiment labels before their support were computed. Only sentences with positive or negative sentiment label were accounted. A sentence with neutral label was not considered as it does not express a subjective opinion. Figure 10a shows that Italian tourists express sentiment mostly on pizza; many reviews are positive, but considerable numbers of reviews are negative. Similar patterns are found for wine. More negative reviews than positive reviews are found for sauce and pasta. Figure 10b indicates that Indian tourists are mostly satisfied with food items, such as wine, fish, curry, and lamb at Indian restaurants. Other food items, such as chicken, rice, and bread, also receive positive comments, but several Indian tourists are unsatisfied as indicated by their negative comments. Mostly negative comments are found for salad, beef, soup, and cake.
Restaurants that provide exceptional food and service may receive mostly positive comments, but others may not. Figure 10 only reflects the overall sentiments of Italian and Indian tourists toward the restaurants serving Italian and Indian cuisine in the data collection as case demonstration. Detailed insights into the sentiment of different tourist groups toward specific restaurant can be obtained by more fine-grained analyses in future studies. 
Discussion and Implications
The case study demonstrates the capability of large sale online restaurant reviews in capturing comprehensive information about tourists' dining preference. Rather than using existing approaches to data collection (e.g., survey and questionnaire), this study employs online restaurant review data with support from text processing techniques. The analysis is carried out on a large-scale data set to provide a comprehensive understanding of tourists' dining preferences in terms of cuisine, dishes, meal, and restaurant features.
The findings bear potential implications for the tourism industry in Australia. Certain tourist groups have strong preference for their own national cuisine, such as Italian, Indian, and French (Figure 2 ). Tourism practitioners should pay special attention to these groups in their strategic planning and decision making, such as highlighting the availability of diverse Indian food options in marketing materials to attract Indian tourists. Travel package developers can provide dining options to make Japanese and Thai cuisines available to Indonesian tourists and Chinese cuisine available to Malaysian tourists for improving the dining experience and satisfaction of these tourist groups. Given that Western tourists are more interested in going to pubs ( Figure 3a) ; tourism practitioners can introduce pub-dining experience to tourists from this cultural group. Based on the comprehensive list of food items in Figure 5 , tourism practitioners should provide dining recommendations to tourists on where to go for each kind of food. The findings of the current study also confirm those of existing studies that wine is a key component of tourist dining experience in Australia, as indicated by popular in different restaurant types. Meal preference analysis (Figure 7a) indicates that tourists are more likely to have breakfast in cafés than in other restaurant types. Aside from tourist preference, the opening hours of Australian restaurants can be a factor for the result. Ordinary restaurants do not open early, thus limiting the options of tourists for breakfast. Café managers may consider offering more light food items in their breakfast menu to provide tourist with more options and consequently enrich the dining experience. In terms of specific food items (Table 6 ), restaurant managers can offer more wine options, steak or lamb dishes for dinner, whereas more salad, burger, chip, fish, and beer can be reserved for lunch because tourists are likely to consume more of these at different meals. Western tourists are more concerned about restaurant features than Asian tourists, as discussed in the restaurant feature preference analysis section. Tourism practitioners may highlight restaurant features, particularly the quality of service, when introducing dining options to Western tourists. Managers of Italian restaurants and pubs should pay attention to their restaurant features for improving tourist satisfaction. By contrast, managers of Chinese, Thai, and Vietnamese restaurants should direct their limited resources to improve food quality, as tourists are less concerned about other features. In addition, the subjective opinion of tourists can be obtained by sentiment analysis in our proposed framework. Restaurant managers can focus their effort to improve the quality of pizza at Italian restaurants because Italian tourists show preference for their own cuisine, but many of them are not satisfied as indicated by the negative comments (Figure 10a ). Indian tourists can be suggested to try curry and lamb at Indian restaurants, which are likely to satisfy them, as indicated by the positive comments (Figure 10b ).
Despite the comprehensive analysis conducted in this study, it is not without limitations. Data were collected solely from TripAdvisor, which is not the most widely used travel review platform in all countries. For example, most Chinese tourists use other platforms, such as Dianping.com. Hence, tourists from popular source markets of Australian tourism, such as China and Taiwan (Tourism Research Australia 2016), were not included in the analysis. Data were collected for restaurants in Melbourne and Sydney, which are populated cities offering various restaurants and cuisines, and, thus, the results may not be generalized well with other cities in regional areas. The data collection procedure could be biased to web users, because the data were collected only from the online review platform. Demographic profiles and characteristics of web users could be considered for specific applications of the results. Although a list of food items was constructed, which could provide tourism practitioners with specific information about a consumed food or particular food item, salad, for example, may be prepared differently between Italian and Vietnamese restaurants. Different tourist groups may prefer different cooking styles for the same dishes, such as beefsteak (Cox, Cunial, and Winter 2016) . The current study does not consider such differences. The sentiment analysis results may have potential bias as some restaurants may have more reviews than others. Analysis for individual restaurant can be performed in future studies for specific practical applications.
Nevertheless, the proposed approach provides more insights into the dining behavior and opinions of tourists than prior works using restaurant reviews (Gan et al. 2016; Zhang et al. 2014; Zhang et al. 2017 ) because textual reviews are analyzed. The results do not rely on user rating of restaurant attributes and other social information. Detailed information about the subjective opinions of tourists can be explored by sentiment analysis, which is effective in assessing tourist satisfaction and identifying shortcomings for future improvement. The presented text processing and sentiment analysis methods can be applied not only to comments posted on websites designated to travel reviews, but also to short text discussed about dining on various mobile social media platforms, such as Twitter, Facebook and Foursquare. For instance, Twitter provides Streaming API, which allows for real time extraction of tweets text via keywords specified by users (Vu et al. 2017) . Tourism practitioners can develop applications to monitor tourist preferences for food and their sentiment towards food providers in real-time. Mobile recommendation applications can also be developed to provide tourist with suitable dining offer while traveling (Kotiloglu et al. 2017 ).
In terms of technical limitation, different websites feature distinct representations and structures. Web crawler software setting needs adjustment when extracting data from other websites. The free account of Google Maps Geocoding API has daily quota limits; higher quota can be requested with a small fee or geography API from other service providers can be utilized. The text-processing framework is mainly designed for reviews in English. Specific text-processing techniques and language lexicon should be further investigated to process reviews from other languages. Although SentiStrength supports many other languages (e.g., German, Spanish, Italian), its best performance is reached with review comments in English (Abbasi et al. 2014; Thelwall 2017) . Future studies can investigate other tools to better support sentiment analysis of review comments in other languages. It is worth mentioning that review websites, such as TripAdvisor, do provide API for direct access to their data. However, the data collected via TripAdvisor API are subject to its own terms and conditions (https://developer-tripadvisor.com/content-api/terms-and-conditions/), which may have restrictions on data analysis and result publication. Researchers and business managers are suggested to get themselves familiar with the terms and conditions before carrying out their research using TripAdvisor API, and be familiar with potential restrictions for using the alternative web crawling approach presented in this study.
CONCLUSIONS
Dining is an essential component of tourism, and tourism practitioners need to know the dining preferences of tourists to enhance their strategic planning and decision making. The dining behaviors of tourists are complex and varied across different nationalities and cultures. Specific information on consumed food and preference differences among meals of the day is also important to tourism practitioners and restaurant managers for devising their marketing and management plans. Restaurant features, other than food, are also of interest to restaurant managers because enhancing these features can enrich the dining experience of tourists and consequently improve their satisfaction. Previous studies are unable to address the needs of tourism practitioners and restaurant managers comprehensively because of the limitations of traditional data collection and analysis approaches.
To address the existing barriers, this paper presents a method that employs online restaurant reviews to study the dining behavior of tourists. The advantage of the proposed method is the capability of directly analyzing the online textual review comments to capture and explore rich information they contain. Fundamental and important insights into tourists' dining behavior in terms of preferred cuisines, dishes, meals of the day, restaurant features, and their subjective opinions can be obtained efficiently. The proposed method can be applied to big data set for large-scale studies owing to the automation of data collection and utilization of software tools and APIs for data preprocessing, which allows for convenient subsequent statistical analysis. The effectiveness of the proposed method is demonstrated in a case study on Australian tourism by using a large-scale data set. The analyses conducted involve international tourists from 14 different countries and 13 restaurant types, which are more comprehensive than prior studies on tourists' dining behavior. The presented method is beneficial to researchers who wish to deepen insights into the dining behaviors of tourists at a low cost but high efficiency.
The proposed method is a general analysis framework applicable to data from review websites other than TripAdvisor. Future research can consider combining review data from multiple travel platforms to obtain representative results and analysis. Text processing tools and sentiment analysis API for languages other than English can be integrated into our framework for restaurant reviews written by tourists from nonEnglish speaking countries. The analyses are carried out mainly using statistics to demonstrate the capability of restaurant reviews in capturing rich information. Future study can investigate other sophisticated text mining techniques to extract patterns according to specific needs from the processed data resulted from our framework. Apart from text, photos of foods and restaurants can provide insights into tourists' own experience and specific interests. Future research can focus on developing techniques for analyzing photos together with the review comments for in-depth understanding. In this work, the main focus was on tourists who traveled to a tourism destination. Therefore, we examined the dining behavior of people as reflected in restaurant reviews at the destination, rather than local residents staying in their own country. Future studies can apply the proposed method to examine common and contrast dining behavior of location residents in their home countries.
